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Abstract.  Accurate estimation of potential evaporation, especially in arid regions such as Saudi Arabia, has been of a great concern to many researchers. Its importance is obvious in many water resources applications such as management of hydrologic, hydraulic and agricultural systems. For this purpose, four three-layer backpropagation neural networks were developed to forecast monthly potential evaporation in Riyadh, Saudi Arabia, based on four explanatory climatic factors. Observations of relative humidity, solar radiation, temperature, wind speed and evaporation for the past 22 years have been used to train and test the developed networks.  Results revealed that the networks were able to well learn the events they were trained to recognize. Moreover, they were capable of effectively generalizing their training by predicting evaporation for sets of unseen cases. These encouraging results were supported by high values of coefficient of correlation and low mean square errors reaching 0.98 and 0.00015 respectively. The study has also evolved a comparison with traditional methods and has proven that the developed neural networks were superior.
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Introduction

Accurate estimation of evaporation losses is essential for the proper management of open water storage facilities, determination of river basin yield, development of water budget for hydrologic systems, estimation of crop water requirements and many other engineering practices. However, the need for such estimation becomes more critical in arid regions, such as the central province of Saudi Arabia, where annual potential evaporation can be as large as 2200 mm compared to 90 mm of average annual precipitation [1].
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The rate of evaporation depends on a number of meteorological factors such as solar radiation, air temperature, relative humidity, wind speed, and to some extent 

atmospheric pressure. Other factors are related to the nature of the evaporating surface and the quality of water. Various studies have been conducted to determine which of these factors have the dominant effect on evaporation. According to Linsely et al. [2], radiation is by far the most important single factor affecting evaporation. In addition to solar radiation, Chow et al. [3] claimed that the mechanism of transporting the vapor from the water surface has also a great effect. Vapor pressure deficit, temperature, barometric pressure, humidity, and wind speed were emphasized by Singh [4] as the controlling factors.  Gupta [5] pointed out that relative humidity, wind velocity, and temperature of water and atmosphere are the climatic factors evaporation awfully depends on. In summary, it has been agreed that solar radiation, wind speed, relative humidity, and air temperature have attained special consideration as the most influencing factors by most researchers.


Despite the complex nature of the evaporation process, the practice of measuring evaporation using a pan is the most widely used technique today.  Direct measurement of evaporation under field conditions is not always feasible and hence a variety of techniques have been derived for the determination of vapor transport from water surfaces. These techniques can be described by the theories of mass balance (water-budget), energy balance (energy-budget), and mass transfer (aerodynamic). A combination of the energy and mass transfer theories has been introduced as a modified approach retaining the advantages of both worlds. Furthermore, the uses of empirical formulae such as regression were expansively applied. These equations depend on collecting meteorological data and analyzing them in order to come out with some empirical forms. Wind functions employed by the aerodynamic method are examples of these equations. 


Accordingly, extensive research has been conducted to apply, modify, analyze or compare those techniques. Examples are: Kohler and Parmele [6], Grando [7], Mortan [8], Anderson and Jobson [9], Omar, M. and El-Bakry, M. [10], Ikebuchi et al. [11], Steinhorn [12], Pauken, M, T. et al. [13], Singh and Xu [14], just to name a few. Even though some of these methods are theoretically superior, they, unfortunately, practically fall relatively short. This is due to the fact that they require the availability of tremendous amount of data that might be difficult or expensive to obtain. Other techniques, which depend on fewer and commonly available variables, might not be accurate enough and vary greatly in their ability to define the magnitude and variability of evaporation, Warnaka and Pochop [15]. Therefore, an alternative approach, which does not require precise knowledge of all contributing variables, should be sought.


Artificial Neural Networks (ANN), pertaining the aforementioned characteristic, can therefore be introduced to accurately estimate evaporation and overcome conventional methods’ deficiencies. ANN’s exhibit a surprising number of the human brain’s characteristics.  For example, they can learn from experience, generalize from previous examples to new ones and abstract essential characteristics from inputs containing irrelevant data. By artificial neural network technology it appears possible to estimate process behavior such as evaporation even with incomplete information.


Previous studies have shown a promising potential of neural networks in hydrological modeling. Daniell [16], Buch et al. [17], Rizzo et al. [18], Anmala et al. [19], Ichiyanagi [20], Liu and Yao [21], Carriere et al. [22] and many others have shown variety of successful applications of ANN in hydrological studies. However, literature review has revealed no previous attempts for modeling the process of evaporation. To the best of the author’s knowledge, no study has yet been published in this regard.


The main objectives of this study were first to investigate the potential of using neural networks to predict potential evaporation as affected by climatic factors. Second, is to evaluate the performance of a trained multilayer backpropagation network in estimating average monthly evaporation in Riyadh, Saudi Arabia.

The Evaporation Problem


An accurate estimation of potential evaporation in the arid Riyadh region, Saudi Arbia, has been of a great concern to water resources planners in the kingdom. Direct measurement using class A evaporation pans has been practiced by MOAW since 1964. Other relevant data including average monthly values of air temperature, relative humidity, solar radiation, and wind speed have also been recorded since 1968 at Riyadh station (R001) - (24o 34’ Latitude, 46o 43’ longitude and 564 m elevation). Because of the relatively flat terrain of Riyadh, R001 is assumed to fairly represent the entire region. Screening of available data has resulted in extraction of 22 years of consistent records, which have been used in this study. Statistical description of extracted records is summarized in Table 1.
Table 1. Average monthly values

	Month
	Temperature

t

(oC)
	R. Humidity

R

(%)
	Solar radiation

S

(cal/cm2/day)
	Wind speed

W

(km/hr)
	Evaporation

E

(mm/month)

	Jan.
	13.7
	53.0
	323
	4.74
	104.0

	Feb.
	16.0
	4.68
	377
	5.39
	134.6

	Mar.
	20.3
	42.4
	450
	5.89
	203.9

	Apr.
	24.9
	40.1
	465
	5.55
	241.0

	May.
	30.2
	32.4
	562
	5.38
	315.6

	Jun.
	32.4
	23.0
	571
	6.13
	369.2

	Jul.
	33.9
	20.9
	553
	6.14
	385.4

	Aug.
	31.8
	21.1
	546
	5.29
	371.1

	Sep.
	30.5
	23.7
	500
	4.28
	299.6

	Oct.
	25.1
	32.2
	462
	3.61
	230.2

	Nov.
	19.7
	47.2
	360
	3.73
	136.3

	Dec.
	15.0
	52.4
	302
	4.17
	102.8

	Mean
	24.46
	36.27
	475
	5.03
	241.1

	St. Dev.
	7.34
	12.26
	91.1
	0.90
	106.5



Table 1 shows that the average temperature, solar radiation, wind, speed and consequently evaporation are maximum during early summer (June and July). On the contrary, average monthly relative humidity is low in summer (July = 20.9%) and high in winter (January = 53%). The relatively high standard deviations in temperature, relative humidity and evaporation indicate a wide range of fluctuation of these parameters over the year. Average annual pan evaporation, as the sum of the average monthly values, is calculated to be 2893 mm. Actual evaporation, therefore, can be as large as 2170 mm assuming a pan coefficient of 0.75 (Al-Turbak and Al-Muttair [23]). 


Several attempts have been carried out to develop models that can fairly forecast both monthly and seasonal evaporation in the area under investigation. Alshaik and Taher [24] have used regression analysis and aerodynamic approach to construct multiple linear and nonlinear evaporation models. Results of the studies have revealed:

1. Strong correlation between temperature, relative humidity and solar radiation.

2. The best representative model for the average monthly evaporation is a linear equation with a coefficient of determination (R2) of 0.88.


E = 12.9 * t + 18.6 * w - 170.4




        (1)

3. The best representative model for the average monthly evaporation during winter season is a linear equation with a coefficient of determination (R2) of 0.29.


E = 7.3 * t + 5.01






        (2)

4. The best representative model for the average monthly evaporation during spring season is a linear equation with a coefficient of determination (R2) of 0.60.


E = 11.3 * t - 34.0






        (3)

5. The best representative model for the average monthly evaporation during summer season is a linear equation with a coefficient of determination (R2) of 0.16.


E = -5.2 * h + 482.8






        (4)

6. The best representative model for the average monthly evaporation during fall season is a linear equation with a coefficient of determination (R2) of 0.8.


E = 15.0 * t -154.9






        (5)


The seasonal regression models (2-5) have been developed as an attempt to improve prediction quality. The monthly records for the 22 years were divided into four subsets each representing a season of a similar behavior. Unfortunately, no improvement has been achieved as indicated by the low values of (R2) of most models. These unsatisfactory outcomes dictated the exploration of other alternative tools, such as artificial neural networks, and were the motivation for this steady. ANN has been chosen as a candidate method by the virtue of its inherent property to generalize and easily model complicated unknown relationships (Mukherjee and Deshpande [25]).

Artificial Neural Networks


ANN’s attempt to mathematically simulate the functioning of human brain (biological neuron) by means of massively parallel processing artificial neurons and a learning rule (Lippmann [26]). ANN’s can modify their behavior in response to their environment and self-adjust to produce consistent responses. Multilayer networks have demonstrated excellent capabilities in solving a variety of problems. They have been trained to carry out parallel computations for complicated tasks such as modeling and prediction, classification and pattern recognition, association, clustering, signal processing and optimization (Pham [27]). 


The way an artificial neuron carries out these complicated tasks is surprisingly very simple. A brief description is given next but more details can be found in many references such as Wasserman [28]. In general, neurons and axons are mathematically modeled by activation and NET functions, respectively. ANN’s are designed to work like the first-order characteristic of the biological neuron. In ANN’s, a set of inputs, representing signals into the synapses of the biological neurons, is applied.  These are then multiplied by an associated weight, which represents the strength of the biological synapses, and are summed up. The summation block, representing the biological cell body, adds all of the weighted inputs and produces an output called NET. This NET is compared with a threshold, and if it exceeds it, the artificial neuron fires. When a neuron is fired, the NET is further processed by an activation function to get an output. The activation function often used is the logistic “sigmoid” function. Finally, the output is passed to other neurons in the network and the same process is repeated again.


In order for an ANN to produce the desired (or at least consistent) set of output, it has to be first trained. ANN’s are trained by two main types of learning algorithms: supervised and unsupervised. A supervised learning algorithm, such as backpropagation which is the concern of this study, adjusts the strengths or weights of the inter-neuron connections according to the difference (error) between the desired and actual network outputs corresponding to a given input. Error is fed back through the network and weights are readjusted according to an algorithm. This algorithm, such as the steepest descent or momentum descent method, tends to recursively minimize the error. The procedure is repeated until all provided training patterns are learned. Unsupervised learning algorithms, on the other hand, do not require the desired outputs to be known. During training, only input patterns are presented to the neural network, which automatically modifies the weights of its connections to cluster the input patterns into groups with similar features. 

Network Configuration


Unfortunately, the optimal configuration of a neural network still remains unguided. As usual, trial-and-error procedure has been employed by testing different possible architectures until a sound configuration was achieved. As a result, A three-layer feedforward network has been designed and constructed to predict the average monthly evaporation. The network consists of 150 synaptic connections between four input neurons (representing relative humidity, solar radiation, temperature and wind speed), twenty hidden neurons in two slabs, and an output slab containing one neuron (representing monthly evaporation), see Fig. 1.
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 A logistic function was used as the main activation function for all neurons in the hidden and output layers. The Function is defined by:


OUT = F (NET) = [(P2 – P3)/(1 + e -(P1*NET) )] + P3


        (6)


NET = ( X W






        (7)

where


P1 =  Steepness (slope at NET=0)


P2 = Function upper limit


P3 = Function Lower limit


X  = The input vector to the neuron


W = The connection weight matrix


The training paradigm chosen was the well-known backpropagation learning algorithm (Rumelhart and McCelland [29]). The following equations briefly illustrate weights adjustment; (See Wasserman, [28], for a detailed treatment on this learning algorithm). 


(
= OUT (1- OUT) (T - OUT)




        (8)


( W 

= ( (  OUT




        (9)


W(n+1)
= W(n) + ( W





      (10)

where

OUT    = Actual output

T          = Desired output

   = Learning rate


W (n)   = Value of weight before adjustment


W(n+1) = Value of weight after adjustment 


To ensure that the range of the activation function encompasses the range of training inputs and also all other inputs to be of that same order of magnitude, two normalization functions were used. The functions shown next set the input and output values in the range 0 to +1 and 0.1 to +1 respectively:


1)
X = (X – Xmin)/(Xmax – Xmin)




      (11)


2)
X = [(X – Xmin)/(Xmax – Xmin)] *0.9 +0.1



      (12)

where


Xmin = Minimum input value


Xmax = Maximum input value


The first normalization function sets the lowest activation input (excitation) value to zero, which might result in poor performance when processing input values of very small variation (Kao [30]).  The network, in fact, tends to ignore the effects of the low climatic values. Thus, the second normalization method was introduced to enlarge this variation so small differences will be recognized.  


As in a typical neural network training, the data set was divided into two subsets. The first subset (training set), which is about 80% of the data (22 years * 12 months * 0.8 ( 211 records), was used to develop the network in terms of producing the desired output corresponding to every given input. After the network had learned the information delivered by the training set, the second subset (test set), which forms the remaining 20% of the data (53), was applied for network validation.


To elaborate, the training process involved first a random extraction of a subset of normalized values of relative humidity, solar radiation, temperature, wind speed and the corresponding evaporation. Then these input and output vectors of all training pairs are fed to the network to initiate the tedious and time consuming training cycles. A proper training requires finding a global minimum on the error surface (mean square error, MSE) mapping the multidimensional weight vector. A typical and serious difficulty in neuro-computation is the possibility of having multiple local minima on the error surface, and only one of which can be a global minimum. This problem has been barely overcome by running the network several times from different random starting weight vectors. In addition, the learning rate was carefully set to account for tradeoffs between processing time and lowering the learning rate. Convergence has been reached after hundreds of thousands of iterations through which repetitive adjustments of threshold “tolerance”, learning rate, initial weight seeds and learning rule have been made. Learning rules involved the standard, batching, and smoothing methods applied under different batching sizes and smoothing rates. Detailed description on these learning rules can be found in many references, e.g., Wasserman [28].

Evaluation of Network Performance


Performance measures were computed separately for network forecasts of the training and the unseen test data. These measures are very essential in indicating how well the network learned the events it was trained to recognize, and the level to which it can generalize its training to predict events not included in training process (validation phase). The evaluation measures included comparison of the true, known monthly evaporation with those predicted. Other evaluation measures used were the correlation coefficient (R) and mean square error (MSE) for both training and validation. The correlation coefficient measures how well the network describes the relationship between the true and forecasted outputs, while the mean square error reflects the accuracy of the network.


Figure 2 visually shows the behavior of the network for the training data for each normalization technique, while Fig. 3 evaluates its response to unseen events. Table 2, on the other hand, lists the correlation coefficients and mean square errors for those figures. A comparison of Fig. 2-a with Fig.2-b clearly reveals that the network has recognized the low input values when using the second normalization procedure. In addition, the overall network performance has improved as reflected by the increase in R (from 0.96 to 0.97) and decrease in MSE (from 0.0039 to 0.003).  Furthermore, a larger improvement was achieved in the validation stage. The network was capable of predicting evaporation for unseen cases with an accuracy of 0.0035. Figure 4 further illustrates the close match between the observed and forecasted evaporation for 51 new events.
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Table 2. Correlation  efficients and mean square errors for training and validation data

	Method
	Correlation Coefficient (R)

  Training       Validation
	Mean Square Error (MSE)

    Training          Validation

	Normalization - 1
	0.96
	0.93
	0.0039
	0.0073

	Normalization - 2
	0.97
	0.97
	0.0030
	0.0035


[image: image6.png]Forecasted values

0.1 0.2 0.3

Observed evaporation

Forecasted values

0.4

. /

02
0.1 '
0.0
0.0 0.1 0.2 0.3 04

Observed evaporation




[image: image7.png]Normalized Evaporation

I
—_

04

0.0

4

5

6

—&— Observed

—&— Forecasted

7 8 9 10 11 12 13 14 15 16
Observation Number



A further improvement in accuracy of prediction was accomplished by dividing the 264 records to two subsets. The division was based on the fact that arid regions experience extreme weather conditions, that is, very cold winter and very hot summer, causing evaporation rate to be highly variable. Thus, it was recommended to split the data into two parts to designate the two extremes. The first part, SET-1, confines the high evaporation rates ranging from 171 mm/month to 530 mm/month (Normalized range of 0.31 – 1.0, 170 records) typically occurring during March to October. The second part, SET-2, encloses the low evaporation rates ranging from 67 mm/month to 170 mm/month (Normalized range of 0.1 – 0.3, 94 records) typically occurring during November to February. A fine adjustment in network configuration was applied, namely adding an additional linear activation function on output slab.  The network was then trained and tested on each subset separately. Results have shown a noticeable reduction in MSE. Mean square errors for the training phase were 0.0014 for SET-1 and 0.00026 for SET-2, which indicate 65% and 71% error reductions respectively when compared to the corresponding errors (0.004 and 0.0009) previously produced by processing the entire data together. Similarly, appreciable improvements of 67% and 94% have been also realized for the validation stage, 0.0014 and 0.00015 as oppose to 0.0042 and 0.0025 respectively. These encouraging results for the aforementioned cases were further supported by high values of coefficient of variation reaching 0.97,0.95,0.98,0.97 respectively. Summary of results is illustrated in Table 3 and Figs. 5 - 7.

Table 3. Correlation coefficients and mean square errors for the two data subsets

	Data range
	Correlation Coefficient (R)

  Training         Validation
	Mean Square Error (MSE)

    Training       Validation

	SET-1* (High Range)
	0.97
	0.98
	0.00140
	0.00140

	SET-2   (Low Range)
	0.95
	0.97
	0.00026
	0.00015


*    An outlier has been ignored when calculating R and MSE




Conclusions


The main objective of this study was to develop a tool capable of accurately predicting monthly evaporation based on knowledge of climatic conditions. Four three-layer backpropagation networks were developed, trained and tested to forecast average monthly potential evaporation for Riyadh region, Saudi Arabia. All networks are mainly identical in configuration but differ in the type of data they handle.  Although all networks were capable of predicting evaporation very accurately, the last two, one for the high range of evaporation and the other for the low range, were superior. That was clearly shown in the high values of coefficient of variation exceeding 97% and the low values of mean square error reaching 0.00015. The results demonstrated the high correlation between the observed data and those forecasted. In addition, they proved the accurate performance of the developed networks.


Comparison of neural approach with conventional methods based on this study also reveals some interesting conclusions. First, ANN’s, once properly trained (as shown in data Set-2), they are capable of forecasting evaporation better than the best previously developed regression model (as shown in Eq. (1)). This can be conformed by comparing R2 of 0.94 vs. 0.88 and MSE of 0.00015 vs. 0.0056 respectively, (applicable for the normalized data range 0.1 to 1.0). Second, in contrast to traditional methods, ANN’s have the ability to improve their forecasting capability by getting exposed to new observations when become available. Finally, ANN’s provide a great potential as an effective tool for many water resources management applications such as estimating evaporation, surface runoff, and many others.

References

[1]
Ministry of Agriculture and Water.  Monthly Climate Data for the Period 1975-1984.

[2]
Linsley, R., Kohler, M. and Paulus, J. Hydrology for Engineers. N.Y.: McGraw-Hill Inc., 1988.

[3]
Chow, V., Maidment, D. and Mays, L. Applied Hydrology.  N.Y.: McGraw-Hill Pub. 1988

[4]
Singh, V. Elementary Hydrology.  NJ, U.S.A.: Prentice Hall Inc., 1992.

[5]
Gupta, B. Engineering Hydrology.  Jain, India: N.C., 1992.

[6]
Kohler, M. and Parmele, L.  “Generalized Estimates of Free-water Evaporation.” Water Resources Research, 3 (1967), 997-1005.

[7]
Grando, F. (1974).  “Methodology Existing for Estimating Free Surface Water Evaporation”.  In: Design of Water Resources Projects with Inadequate Data, Vol. 2, Proc. of the Madrid Symposium, June 1973, Int. Ass. of Hydrological Sciences Pub. No. 108, (2 Vol.) (1974), pp. 59-75.

[8]
Morton, F.   "Climatological Estimates of Lake Evaporation." Water Resources Research J., 15, No. 1 (1979), 64-76.

[9]
Anderson, M. and Jobson, H.  "Comparison of Techniques for Estimating Annual Lake Evaporation Using Climatological Data".  Water Resources Research J., 18, No. 3 (1982), 630-636.

[10]
Omar, M. and Elbakry, M. “Evaporation from the Aswan High Dam Lake (Lake Nassar)”.  WMO Casebook on Operational Assessment of Areal Evaporation, pp. 11-15, 1985.

[11]
Ikehuchi, S., Seki, M. and Ohtoh, A.  "Evaporation from Lake Biwa".   J. of Hydrology, 102 (1988),  427-449.

[12]
Steinhorn, I. "On the Concept of Evaporation From Fresh and Saline Water Bodies".  Water Resources Research J., Vol. 27, No. 4 (1991), 645-648.

[13]
Pauken, M.T. et al. “Experimental Investigation of Water Evaporation into Low-velocity Air Currents.” Proceedings of the 1995, ASHRAE Annual Meeting, Chicago, IL., U.S.A, ASHRAE Transactions, 90-96, 1995.

[14]
Singh, V.P. and Xu, C.Y.  “Evaluation and Generalization of 13 Mass-Transfer Equations for Determining Free Water Evaporation.” Journal of Hydrological Processes, 11, No. 3 (1997), 311-323.

[15]
Warnaka, K. and Pochop, L.  "Analysis of Equations for Free Water Evaporation Estimates". Water Resources Research J.,  24, No. 7 (1988), pp. 979-984.

[16]
Daniel, T. M. “Neural Networks-applications in Hydrology and Water Resources”. Proceeding of the Symposium on International Hydrology and Water Resources, Perth, Australia, P. 797-802, 1991.

[17]
Buch, A. M., Mazumdar, H. S. and Pandey, P. C. “A Case Study of Runoff Simulation of a Himalayan Glacier Basin.” Proc., Int. Joint Conf. On Neural Networks, Vol. 1 (1993), 971-974.

[18]
Rizzo, D. M., Donna M., Dougherty, D. and Lillys, T. “Site Characterization by Neural Networks.” Proceeding of the First Annual Conference on Water Policy and Management. Denver, Colorado, USA. pp. 250-253, 1994.

[19]
Anmala, J., Nedunuri, K., Govindaraju, R. And Koelliker, J. “Neural Networks for Prediction of Watershed Runoff.” Proc. of 1995 Watershed Management Symposium. NY, USA. pp. 348-356, 1995.

[20]
Ichiyanagi, A. “Artificial Neural Network to Predict River Flow Rate into a Dam for a Hydropower Plant.” Proc. of the International Conference on Neural Networks. Perth, Australia. pp. 2679-2682, 1995.

[21]
Liu, G. and Yao, L. “Study of an Intelligent Operation Decision Support System for a Large Scale Water Resources System for Inter-basin Water Transfer.” Proc. of the XXI General Assembly of the International Union of Geodesy and Geophysics. Boulder, Colorado, USA. pp. 417-426, 1995.

[22]
Carriere, P. and Mohaghegh, S. “Performance of Virtual Runoff Hydrograph System.” J. of Water Resources Planning and Management. ASCE, 122, No. 6 (1996),  421-427.

[23]
Al-Turbak, A. and Al-Muttair, F. “Pan Coefficients Using Penman Approach with Different Vapor Pressure Deficits”, J. of King Abdulaziz Univ., Met., Env., Arid Agric. Sci., 5 (1994), 61-77
[24]
Alshaik, A. and Taher, S. Analysis of Evaporation Data as Affected by Climatic Factors in Riyadh, Saudi Arabia. Unpublished report, 1997.

[25]
Mukherjee, A. and Deshpande, J. “Modeling Initial Design Process Using Artificial Neural Networks.” J. of Computing in Civil Engineering. ASCE, 9, No. 3 (1995), 194-200.

[26]
Lippmann, R. P. “An Introduction to Computing with Artificial Neural Networks.” IEEE ASSP Mag., 4, No. 2 (1987), 4-22.

[27]
Pham, D. T. “Neural Networks for Chemical Engineers.” Amsterdam, Holland: Elsevier Press, 1994.  

[28]
Wasserman, P. D. Neural Computing: Theory and Practice. NY, USA: VAN Nostrand Reinhold Press, 1989.

[29]
Rumelhart, D. E. and McClelland, J. L. Parallel Distributed Processing. Vols. 1 and 2. Cambridge, Mass.:MIT Press, 1986.

[30]
Kao, J. “Neural Net for Determining DEM-based Model Drainage Pattern.” J. of Irrigation and Drainage Engineering. 122, No. 2 (1996), 112-121. 
تقدير معدلات التبخر المحتملة:  الشبكات العصبية الاصطناعية

مقارنة بالطرق التقليدية

د. سعود بن عبدالقادر طاهر

قسم الهندسة المدنية

كلية الهندسة – جامعة الملك سعود

ص.ب 800 الرياض 11421 المملكة العربية السعودية

( استلم في 26/11/2001م،وقبل للنشر في 15/06/2003م )
ملخص البحث.التقدير الدقيق لمعدلات التبخر القصوى وخصوصاً في المناطق الجافة كالمملكة العربية السعودية أصبح مكان اهتمام الكثير من الباحثين.  وتتمثل أهمية ذلك في كثير من التطبيقات المائية مثل إدارة الانظمة الهيدرولوجية والهيدرولوكية والزراعيه.  ومن هذا المنطلق تم بناء أربع شبكات عصبية اصطناعية يتكون كل منها من ثلاث طبقات لتقدير معدلات التبخر الشهرية في مدينة الرياض بالاعتماد على العوامل الجوية.  كما تم تدريب واختبار هذه الشبكات باستخدام قراءات سابقة لكل من الرطوبة النسبية ،  الأشعة الشمسية ،  درجة الحرارة ،  سرعة الرياح والتبخر على مدى 22 سنة ماضية.  وقد دلت النتائج أن الشبكات قد استطاعت وبكفاءة عالية تقدير التبخر تحت معطيات جديدة . إن هذه النتائج المحفزه  بنيت على القيم المرتفعة لمعامل الترابط وكذلك القيم المنخفضة لمتوسط   الأخطاء والتى وصلت الى 0.98 و 0.00015 على التوالي.  كما أن الدراسة شملت مقارنة بين الشبكات العصبية الاصطناعية والطرق التقليدية وأثبتت جدارة الأولى.
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Fig. 1. Network configuration.
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Fig. 2. Network output using training data: (a) Normalization method –1, (b) Normalization method –2.
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Fig. 3. Network output using validation data: (a) Normalization method -1, (b) Normalization method -2.
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Fig. 4.   Observed vs. forecasted evaporation using validation data.
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Fig. 5. 	Observed vs. forecasted evaporation for the high range data: (a) Training data, 


(b) Validation data.
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Fig. 6. Observed vs. forecasted evaporation for the low range data: (a) Training data,  (b) Validation data.





�


Fig. 7.   Observed vs. forecasted evaporation using validation data.
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